Codon Usage Preferences (CUPrefs) describe the unequal usage of synonymous codons at the gene, genomic region or genome scale. Numerous indices have been developed to measure the CUPrefs of a sequence. We introduce a normalized index to calculate CUPrefs called COUSIN for COdon Usage Similarity INdex. This index compares the CUPrefs of a query against those of a reference dataset and normalizes the output over a Null Hypothesis of random codon usage. COUSIN results can be easily interpreted, quantitatively and qualitatively. We exemplify the use of COUSIN and highlight its advantages with an analysis on the complete coding sequences of eight divergent genomes, two of them with extreme nucleotide composition. Strikingly, COUSIN captures a hitherto unreported bimodal distribution in CUPrefs in genes in the human and in the chicken genomes. We show that this bimodality can be explained by the global nucleotide composition bias of the chromosome in which the gene resides, and by the precise location within the chromosome. Our results highlight the power of the COUSIN index and uncover unexpected characteristics of the CUPrefs in human and chicken. An eponymous tool written in python3 to calculate COUSIN is available for online or local use.
Introduction
Translation of messenger RNAs (mRNA) into proteins is a central molecular biology process common to all forms 1 of life. During translation, ribosomes proceed along the mRNA in steps of three nucleotides, called codons. While 2 "reading" the mRNA, the ribosome allows pairing of a mRNA codon against the complementary nucleotide triplet on a 3 transfer RNA (tRNA), catalysing the polymerisation of amino acids to synthesise peptides and proteins (Quax et al., 28 Codons" (ENC) (Wright, 1990) remain the most popular ones and are still being improved (Lee et al., 2010; Satapathy 29 et al., 2017) . Problematically, most CUPrefs indices have little reliability when analyzing sequences with either short 30 length, strong GC content or strong amino acid composition bias (Roth et al., 2012) . Furthermore, certain CUPrefs 31 scores have limited biological meaning, and often require a certain knowledge of the studied organism to be interpreted 32 correctly. For example, the FOP index requires the specification of a set of optimal codons (e.g. by determining the 33 gene copy number of each tRNA in the studied organism) (Ikemura, 1981) . 34 Concomitantly to the development of new CUPrefs indices, numerous software packages to evaluate CUPrefs have 35 been implemented, such as INCA (Supek and Vlahovicek, 2004) , JCAT (Grote et al., 2005) and CodonW (Peden and 36 Sharp, 2005) . Even if most of these packages only compute the CAI and sometimes the ENC indices, some feature 37 2 COUSIN -a normalised measure of codon usage Preferences new and exclusive methods such as CodonO and the "Synonymous Codon Usage Order" (SCUO) score (Wan et al., 38 2004; Angellotti et al., 2007) . Still, a number of indices, such as the scaled χ 2 (Shields et al., 1988) or the "Maximum-39 likelihood Codon Bias" (MCB) (Urrutia and Hurst, 2001) , have never been made available to the scientific community 40 via a dedicated software. To date, CodonW is the most complete software but it only displays outputs related to four 41 CUPrefs indices (Peden and Sharp, 2005) . This illustrates the need for a software capable of calculating CUPrefs for a 42 wide set of indices. A final feature lacking in most softwares is the ability to perform statistical analyses, such as those 43 developed in the e-cai server to assess the significance of CUPrefs differences between a query and a reference dataset 44 (Puigbï¿oe et al., 2008b) . 45 We introduce here COUSIN (acronym for COdon Usage Similarity INdex), a novel index conceived to estimate CUPrefs 46 with a straightforward biological interpretation. We implement this index together with seven other existing ones in 47 an eponym Python3 software that is available for local or online use. To illustrate all the potentialities of COUSIN, 48 we compare it to the well known CAI when analyzing eight complete Coding DNA Sequence (CDSs) datasets from a 49 range of organisms with large differences in nucleotide composition and genome organization. In this section, we introduce two versions of our COUSIN index (COUSIN 18 and COUSIN 59 ) and present CAI 18 , a 53 modification of the CAI index introduced by Sharp et li Sharp and Li (1987) to allow comparison with COUSIN 18 . The 54 notations used to define these indexes are given in Table 1 2. Define a weight for each codon (W c,a ), by multiplying the codon frequency in the reference by its deviation score:
3. Repeat step 2 for the codon frequencies in the query:
Using the same deviation score to calculate the weights allows us to compare the scores of the query and of 63 the reference. 4. The COUSIN a 18 score of each amino acid is the ratio of the sum of the weights of all synonymous codons for this amino acid in the query dataset over the corresponding sum of the weights in the reference dataset:
where N is the number of amino acids present in both the query and the reference. 65 5. The global COUSIN score is obtained by adding the COUSIN scores of all amino acids found in both the query and the reference:
where A is the set of amino acids present in both the query and the reference.
66
By design, the results of COUSIN have an immediate interpretation and are directly suitable for hypothesis testing 67 ( Figure 1 ). COUSIN scores can be compared against two threshold values: a COUSIN score of 1 indicates that the 68 CUPrefs in the query are similar to those in reference dataset, while a COUSIN score of 0 indicates that the CUPrefs 69 in the query are similar to those in the Null Hypothesis (i. e. random usage of synonymous codons). Other COUSIN 70 scores outside these two values can be interpreted as follows:
71
• a COUSIN score above 1 indicates that CUPrefs in the query are similar to those in the reference but of larger 72 magnitude, i. e. the more frequent codons in the reference are even more frequently used in the query;
73
• a COUSIN score between 0 and 1 indicates that CUPrefs in the query are similar to those in the reference but 74 of smaller magnitude, i. e. the more frequent codons in the reference are used in the query more often than in 
Accounting for amino acid composition in CUPrefs 80
It has been suggested that amino acid composition may affect the CAI score obtained for sequences with similar codon usage, such that the lower the amino acid diversity in a sequence, the higher the bias (Roth et al., 2012) . The version of COUSIN described above, namely COUSIN 18 , assigns equal contribution to all amino acids. We therefore conceived an alternative version of COUSIN, named COUSIN 59 , that accounts for amino acid composition in the query, by weighting the contribution of each amino acid by its frequency in the query, as follows:
where f que a is the frequency of the amino acid a in the query.
81
The final step in the calculation of the index remains unchanged :
In the classical CAI score, the amino acid composition of the query sequence is included in the calculation because all codons contribute equally to the final score (see supplementary Informations 1 for a reminder of the CAI definition).
This calculation is analogous to our description of COUSIN 59 , and we therefore refer to it as CAI 59 . For the sake of completeness, we introduce an alternative CAI definition, hereafter named CAI 18 , for which all amino acids contribute equally. The difference between CAI 18 and CAI 59 simply lies in the calculation of the geoindexal mean, as follows:
where Occ que a is the number of occurrences of the amino acid a in the query, Occ que c,a the number of occurrences of codon 82 c in the query and w c,a the relative adaptiveness score (Supplementary Information 1).
83
Both pairs COUSIN 18 and COUSIN 59 , and CAI 18 and CAI 59 therefore differ in the way the amino acid composition 84 is accounted for in the calculation. With the "18" methods, all amino acids contribute equally, independently of their 85 frequency in the protein. These "18" methods can be envisioned as the "amino acid by amino acid" CUPrefs of a 86 sequence. With the "59" methods, all individual codons contribute equally, so that the final contribution of each amino 87 5 COUSIN -a normalised measure of codon usage Preferences acid is proportional to its frequency in the protein. These "59" methods can be envisioned as the "codon by codon" For any entry COUSIN initially performs the following calculations:
134
• overall GC and nucleotide composition,
135
• sequence length,
136
• CUPrefs and amino acid composition scores for the indices described above.
137
If instructed by the user, COUSIN performs simulations to assess whether the score of a query is statistically close to 138 that of a standard CDS encoded by the reference. To do so, it generates 500 sequences following a "random-guided" CUPrefs scores are calculated and the 95% and 99% confidence intervals of the distributions of scores are estimated.
142
The query's score is then compared to the limits of these intervals. At the end of this step, COUSIN displays a graphical 143 output that represents the range of values obtained during the simulation (Figure 3 ).
144
Additional steps 145 COUSIN proposes six additional steps to further analyse CUPrefs.
146
A simulation step related to the query. Here, two datasets are generated, each of which is built using different 
154
The distribution of CUPrefs scores of each of these two datasets is then calculated and the query's score is compared 155 to the 95% and 99% confidence intervals of these two distributions. If it belongs to one dataset interval and not the 156 other, this suggests that amino acid composition significantly impacts the CUPrefs score of the query. A Wilcoxon-Clustering graphs are also displayed at the end of the analysis.
169
A sequence optimization step, the philosophy of which is similar to that of existing software packages (Puigbï¿oe This randomization can be guided towards a selection of synonymous codons maximizing GC or AT content.
174
• A "Random" optimization, where a codon is randomly selected among the synonymous ones for each amino 175 acid of the sequence. This randomization can be guided towards a selection of synonymous codons maximizing 176 GC or AT content.
177
• A "One amino acid, One codon" optimization, where each amino acid is represented by a unique codon (the 178 one with the highest or lowest frequency in the reference).
179
The creation of a codon usage table from a given dataset in a kazusa-like format from a set of FASTA sequences.
180
Indeed, although some databases contain codon usage tables, one may still need to construct one from a specific dataset homogeneous and strongly biased GC3 content (Costantini et al., 2006) and microchromosomes of birds are more 259 GC-rich than macrochromosomes (Auer et al., 1987; Axelsson et al., 2005) . To test our hypothesis, we stratified each 260 organism's CDSs in three categories based on their COUSIN 59 score:
261
• "Top" CDSs are the 20% ones with the highest COUSIN 59 score.
262
• "Bottom" CDSs are the 20% ones with the COUSIN 59 score.
263
• "Middle" CDSs are the remaining 60 % of CDSs.
264
Using the KaryoploteR package in R, we explored the relationship between the COUSIN and CAI scores, the GC3 , 2018) . Therefore, GC-rich CDSs, which are mainly found in GC-rich regions, tend to have a higher 272 COUSIN score than the CDSs found in AT-rich regions. Finally, we note that AT-rich regions contain less CDSs than 273 GC-rich ones. 274 We further investigated changes in GC3 content and COUSIN score between chromosomes in the case of the G. gallus both overall GC3 content and COUSIN 59 scores ( Figure 7A and B) . Figure 9 shows the COUSIN 59 and GC3 content for GC3 content and of -0.452 for COUSIN 59 with p-values of 0.028 and of 0.035). We also find a weak relationship 285 between chromosome size and the number of "Top", "Middle" and "Bottom" CDSs ( Figure 8C) 
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